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Abstract

In this paper, we present an approach to knowledge
discovery in databases in the context of object-based
representation systems. The goal of this approach is
to extract viewpoints and association rules from data
represented by objects. A viewpoint is a hierarchy of
classes and an association rule can be defined within
a viewpoint or between two classes lying in different
viewpoints. The viewpoints construction algorithm
allows to manipulate objects which are indifferently
classes or instances of classes. Moreover, multivalued
attributes as well as relations can be taken into ac-
count in the current approach.

Keywords: KDD, Galois lattice, object-based repre-
sentation system, association rules.

1 Introduction

Knowledge discovery in databases (KDD) aims at
the discovery of useful information from large collec-
tions of data [3]. The discovered knowledge is rep-
resented by classification, association or causal rules
describing properties of the data, classes or clustering
of the objects in the database, etc. A KDD system re-
lies on five main components: (1) data (and database
management system); (2) data mining modules for ex-
tracting knowledge; (3) visualisation modules showing
both the data and the knowledge; (4) a knowledge-
based system able to solve problems on the domain
of data; and (5) the human analyst who controls the
process of knowledge discovery.

In the following, we present a KDD process whose
goal is to discover clusterings and association rules
from a collection of medical data. Currently, we are
working on a medical database: the childhood can-
cer registry of Lorraine (a region of France). This
database memorises descriptions of childhood cancer.

The KDD process is then organised around an analyst
(actually a physician) and a knowledge-based system
describing the medical universe of the data being anal-
ysed. Actually, knowledge is represented in an object-
based representation system (OBRS) where individual
objects are clustered into classes organised in an in-
heritance hierarchy. Moreover, a classification process,
inspired from description logics [2] can be used to draw
inferences and solve problems in the medical universe.

In our approach, rough data are transformed into
individual objects and then clustered into classes in
order to be handled by the KDD process. Classes are
then organised into special hierarchies that can be con-
sidered as special viewpoints on rough data. Associ-
ation rules can be extracted from those hierarchies,
rules inside one hierarchy and rules between hierar-
chies. Viewpoints and rules are proposed to the ana-
lyst for further validation.

The present work relies on several previous work
on Galois lattices and rules extraction [8, 4, 6, 5]. Our
approach extend these previous works in several direc-
tions. We work with an OBRS and we handle multi-
valued attributes and any type of relations (not only
boolean relations or monovalued attributes). For a
KDD perspective, our algorithm has to deal with a
large amount of data. Nonetheless, Galois lattice con-
struction is time and space expensive with respect to
the number of handling data. Then, viewpoints are
not only constructed from basic objects but also from
classes (clusters of basic objects) which already sum-
marise a large set of data. Lastly, we take advantage
of domain knowledge during the Galois lattice con-
struction. Domain knowledge allows us to obtain more
precise and more fine-grained clustering of objects.

The remainder of this paper is organised as follows.
First, we present the basis of object-based represen-
tation systems. Then, we introduce the notion of Ga-
lois viewpoints and the Galois viewpoints construction



process. The next section describes the association
rule extraction process. A conclusion end the paper.

2 Object-Based Representation

In order to exploit domain knowledge, a KDD sys-
tem has to be associated with a knowledge-based rep-
resentation system (as explained in [3]). In our ap-
proach, we rely on an object-based representation sys-
tem OBRS. Domain knowledge is represented by a con-
ceptual hierarchy H = (X,x,w) where X is a set of
classes, < is a partial ordering — also called subsump-
tion — and w is the root of H.

A class o € X represents a real-world concept and
is defined by a name and a set of properties describing
the behavioral and definitional characteristics of the
represented concept. A class is used as a cluster for a
set of instances or individuals, i.e. basic level objects.
From a KDD perspective, an OBRS can be considered
at two levels: the intensional level where classes rep-
resent real-world concepts on a given domain, and the
extensional level where individuals represent data to
be analysed.

The extension of a class «, denoted by Ext(a), is
the set of instances of «. An instance i of a class «
verifies all the properties of the intension of a. The
intension of a class a, denoted by Int(«a), is defined
by a set of attributes, denoted by A(a), which cor-
responds to the set of constraints the instances of «a
have to verify. Attributes can be symbolic attributes
and filled with elementary values or relations estab-
lishing a correspondence between two classes. A range
range(a, a), describing the set of possible values for
an attribute a in the class «, is associated with a.

When an attribute a is a relation, range(a, o) de-
notes the class with which a establishes a relation.
For example, let us consider the conceptual hierarchy
H1 = (X1, %, wl) given in figure 1. The attribute
profession in the class Person establishes a relation
between Person and Activity.

In the range of an attribute a, certain values
must be necessarily associated with a. The special
keyword required introduce compulsory values and
required(a,a) denotes the set of compulsory values
for the attribute a in the class a. For example,
required(diploma,Graduate) = {MA,MS}.

The subsumption relation is defined on the set X’ of
classes and can be considered at the extensional and
intensional levels. At the extensional level, a class 3
subsumes a class «, denoted by a < 3, if and only if
an instance of « is also an instance of 3, what means:

Ext(a) C Ext((). Then, « is described by at least the
attributes of 8 and an attribute can have more possible
values for 3 than for @. what means Int(a) 3J Int(S).

3 Construction of a Viewpoint

In our approach, domain knowledge is represented
by a conceptual hierarchy H = (X,<,w). Basic data
are reified as basic objects. A way of discovering new
knowledge units in given sets of properties .4 and ob-
jects D (classes or instances) is to build a conceptual
hierarchy, called a viewpoint and denoted by Hp 4 =
(XD,AJ <5 wD,A)‘

The construction of viewpoints relies on the Galois
lattice theory. A lattice is a partially ordered set where
each pair of elements (a,b) has unique meet (a A b)
and join (aV b) elements [8]. Given a set of objects
D and a set of attributes A, the viewpoint extraction
process builds a conceptual hierarchy Hp, 4, where a
class a is defined as a pair (Ext(a), Int(a)). The
intension Int(a) is the most general intension w.r.t. 1
describing properties common to all objects laying in
Ext(a) and Ext(a) is the set of all objects in D which
have an intension more general than Int(a) w.r.t. J.
Since objects of D can be classes, it is the extension of
the objects of D which are considered in Ext(a). An
instance i is then considered like a special class which
verifies Ext(i) = {i}.

From a computational perspective, the algorithm
used to build viewpoints is based on the GALOIS algo-
rithm described in [4]. Given a set of objects D and
a set of attributes A, the algorithm tries to build a
partial Galois lattice. The symbolic attributes and the
relations are manipulated in a special way as described
below. The algorithm proceeds in an incremental way
and updates the current lattice as soon as new objects
are added. When a new object o is added, every class
a of the hierarchy is examined. If Int(o) is more gen-
eral than Int(a) then o is added to Ext(a), else a new
class [ is created; given the set Ext(a) U Ext(o), 8 is
the class with the most general intension w.r.t. J. A
classification process is then used to introduce the new
class 3 in the hierarchy [2].

3.1 The Manipulation of Attributes

Given a set D of objects and a set A of attributes,
the class with the most general intension, denoted by
MGI 4 p, is defined as follows. The set of attributes of
MGI4pis: AMGI4p) = OQDA(O) N A. The constraints

on attributes are: range(a,MGI4,p) = UDrange(a, o)
o€
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Person
profession : {Activity}
required : {}
Pat i ent Teacher
cancer : {cA, cB} prof ession : {Teaching}
required : {} required : {}
prescriptions : {t1,t2,t3}
required : {}
P1 P2 P3
cancer : {cB} cancer : {cA} cancer : {cA}
profession : {Prol} profession : {Pro2} profession : {Pro3}
prescriptions : {t3} prescriptions : {t1} prescriptions : {t1,t2}

Activity
exposures : {asbestos,|ead, none...}
required : {}

/\

G aduat e Handwor k Teachi ng

diploma : {MA MS, PhD}
required : {MA MS}
Pai nti ng Prol
exposure

P5 Pro2
diploma : {MA MB} exposure :
Pro3

exposure :

: {none}

{asbest os}

{asbest os}

Figure 1: The hierarchy H1 of Person and Activity.

and required(a,MGI4 p) = ﬂDrequired(a, o).
o€

For example, let us assume that A = {can-
cer,prescriptions} and D = {P2,P3}. The
class with the most general intension MGI4p
associated with A and D is defined by: range(can-
cer,MGI4p) = {cA}, required(cancer,MGI4p) =
{cA}, range(prescriptions,MGI4p)= {t1,t2},
required(prescriptions, MGI4 p) = {t1}. Taking
into account that for an instance i and an attribute
a: range(i,a) = required(i,a).

Now, we explain how relations are handled. A
relation is manipulated like an attribute, and this
manipulation may be recursive, i.e. the range of a
relation is a class that can be in turn in relation
with another class, and so on. For example, sup-
pose that D = {P1,P2,P3} and that A = {exposure,
profession}. The objects in D share the relation
profession for which they have the set of values D' =
{Pro1, Pro2,Pro3}. The objects in D' share the at-
tribute exposure, whose range is asbestos. Thus, the
class MGI 4,p with the most general intension associ-
ated with A4 and D is described by the following con-
straints: range(profession,MGI 4 p) = MGI4 p and
range (exposure ,MGI 4 pr) = {asbestos}.

3.2 Domain Knowledge

One originality of the present work is to take into
account the knowledge associated with the domain
being analysed. Actually, knowledge is encoded into
classes and the conceptual hierarchy. Given a concep-
tual hierarchy H and a set of objects E, it is possible to
find the most specific class C w.r.t. < in H which sub-
sumes all the objects of E. According to this remark,
given a set of objects D and a conceptual hierarchy
H, we introduce a special attribute a-kind-of whose
value is the most specific class the objects of D are
subsumed by.

Let us examine how the class hierarchy can be ex-
ploited by means of an example. Let us suppose that D
= {P1,P2,P3} and A = {cancer,profession,pres-
criptions,exposure}. The view point Hp 4 rely-
ing on A4 and D is shown on the figure 2. The class
C1 is a subclass of Patient, as indicated by the spe-
cial attribute a-kind-of, i.e. every instance of C1 is
also an instance of Patient. Moreover, the attribute
profession establishes a relation between the class C1
and the class C6, C6 being a subclass of Handwork.

3.3 Discussion

One of the major advantage of the present work is
the ability to handle structured objects. Thus, view-
points are not only described by boolean attributes
(like it is the case in classical approaches) but by at-
tributes with a set of possible (range) and compulsory
(required) values. Moreover, the manipulation of re-
lations allows to construct several viewpoints linked
by relations. In our application, the OBRS formalism
allows us to significantly decrease the number of at-
tributes used to describe children and then increases
the efficiency of the viewpoint construction algorithm.
Indeed, a child can be affected by twenty different
kinds of illnesses and each kind of illness can be at-
tended by at least five treatments. The illnesses are
then described by a hierarchy of classes, and each dif-
ferent kind of illness is describe by its possible treat-
ments. A relation is then simply defined between a
child and an illness. In the classical data represen-
tation, we would have to introduce one attribute for
each illness and one attribute for each treatment as-
sociated with an illness which represents at least one
hundred attributes. Moreover, an illness can be at-
tended by more than one treatment what can not be
taken into account in the classical representation with-
out a significant increase of the number of attributes



[Ca[akind-of : Person
prof essi on

=)

prof essi on

=

a-kind-of : Patient
cancer : {cA cB}
prescriptions : {t1,t2,t3}
prof essi on

Ext (Teacher).-T
a-kind-of : Handvork

exposure : {asbestos}
required : {asbestos}

[@]

cancer : {cA}
required : {cA}

prescriptions : {t1,t2}
required : {t1}

cancer : {cB) c3|

required : {cB}
prescriptions : {t3}

required : {t3}
prof essi on

L ~ a-kind-of : Painting

required : {t1}
Figure 2: Galois lattice of Hp, 4.

(one attribute for two kinds of treatments and so on).

The ability to handle classes to construct view-
points is a real improvement. Indeed, the Galois lat-
tice technique is time and space expensive and can not
be used with large sets of objects (it is a real limita-
tion for KDD purpose). Thus, in order to analyse large
databases, data are previously clustered into classes.
Classes can be obtained from experts, from reifica-
tion of requests or from conceptual clustering meth-
ods based on statistical measures [7]. For example, in
our application, the analyst has defined six classes of
different types of childhood cancer which resume all
the data (nine hundred children). These classes are
then used to generate viewpoints. One can note that
this number of data can not be handled by classical
method in tractable time and space [6].

A viewpoint is a potential knowledge for the an-
alyst. Indeed, a class is able to represent a concept
previously unknown and the hierarchical structure of
viewpoints conveys knowledge about the organisation
of data. For example, the construction of a viewpoint
on the six types of childhood cancer has put in evi-
dence that solid tumours are close to leukemia with
respect to one type of treatment, and that three types
of solid tumour can be generalised in one type with
respect to the kind of treatment used to attend them.

In our approach, the same formalism is used to rep-
resent the results of the learning process, background
knowledge and data. A viewpoint is then a concep-
tual hierarchy similar to the one defined in section
2. So, as viewpoints are conceptual hierarchies, they
can be stored in the knowledge base, and the classifi-
cation process of OBRS is used to draw inferences on

data and for reasoning purpose [2]. Another knowl-
edge about data is association rules. The following
section is about association rule extraction process.

4 Association Rules Extraction

In this section, we show how association rules can
be extracted within and between viewpoints to finish
with a discussion on the rule extraction process.

4.1 Rules within Viewpoints

An association rule B’ — C', where B’ and C' are
conjunction of properties, means that every individ-
ual that verify all the properties of B’ also verify the
properties of C'. In [6], it is shown that an association
rule B' — C' exists iff the most general class w.r.t. <,
containing B’ is subsumed by the most general class
containing C’. Indeed, an association rule B’ = C’ can
be generated from a class a as soon as B’ is a sub-
set of A(a), i.e. the own properties of o, and C’ is a
subset of the global properties of o (own and inherited
properties).

In our framework, classes of viewpoints are not only
represented by properties but also by attributes as-
sociated with ranges and constraints. Then, an el-
ement of an association rule is not only a property,
but also an attribute with which is associated a con-
junction of values (required) and a disjunction of val-
ues (range). For example, in the figure 2, the class
C2 has two own attributes: the attribute cancer and
prescriptions. The association rule cancer: cA &
prescriptions: (t1) A(t1V t2) is generated. This
association rule can be interpreted as follows: the
treatment t1 is always used to attend cancer cA. But,
treatments t2 can also be associated with t1 to attend
cA.

4.2 Rules between Viewpoints

The generation of association rules involving the a-
-kind-of relation is more classical, but it shows how
knowledge organisation can be exploited in the rule
generation process. A classical way of interpreting the
a-kind-of relation is the following: when the class «
is a~kind-of {f,7}, then every instance of « is an
instance of 8 and ~. As a matter of consequence, this
implies that all objects having the properties of & have
also those of 3 and 7. Since an own property repre-
sents a necessary condition, it is possible to conclude
that objects having the own properties of a have also
the own properties of 8 and 7. So, the right side of



the rule can be reduced to the own properties of the
a-kind-of classes. For example, the rule exposure:
asbestos — own properties of Handwork, can be gen-
erated from the class C6 and the property a-kind-of.

Association rules associated with relations between
classes can also be defined between viewpoints. When
a relation r is defined for objects lying in a set D,
then objects in D are in correspondence with objects
inD' = gprange(r, o). Moreover, classes in the view

o

point Hp, 4 are in correspondence with classes in the
view point Hpr 4. In this case, the own properties of «
entail the properties of 8, where 3 defines range(r, )
for the relation r in a. For example, the following rule
can be extracted from the class C3: cancer: cB —
range (profession) with exposure: asbestos.

4.3 Discussion

The association rules extracted from viewpoints
have a good degree of expressiveness. For example,
the association rule generated from class C2: cancer:
cA ¢ prescriptions: t1A (t1Vt2) can be inter-
preted as follows: when a person has a cancer cA he is
attended with the treatment t1 who can be combined
with the treatment t2.

Viewpoints can be considered for their own or in
association with other Viewpoints. For example, the
following rule can be extracted from the relation be-
tween class C3 and class C7: a patient ill with cancer
cB has an activity implying painting and an exposure
to asbestos. Moreover, the relation a-kind-of is used
to extract rules between the viewpoint under construc-
tion and the already stored viewpoints. One can note
that viewpoints and association rules are closely as-
sociated with the object-based formalism used here.
Thus, if the analyst agrees, viewpoints or association
rules can be saved in the knowledge base in order to
be reused.

5 Conclusion

In this paper, we have presented an approach to
knowledge discovery in databases in the context of
OBRS. In the current approach, data are represented
by objects which are then clustered into classes; classes
are themselves organised into viewpoints giving a par-
ticular view of data represented. Viewpoints are also
used to generate association rules that can be used
to explain the data; viewpoints and association rules
generation are basic tool for a KDD process.

The current work extends previous works on Ga-
lois lattices in a number of directions: viewpoints as

partial lattice, viewpoints are obtained from classes or
instances, association rules within and between view-
points, and exploitation of domain knowledge in the
KDD process.

We plane to implement a technique based of the
number of instances in the extension of the classes to
generate partial association rules. B — C' is a partial
association rule with confidence c if ¢ of individuals
that verify B’ also verify C'. First, Galois lattice will
provide a theoretical framework for the partial associ-
ation rules generation. Moreover, we will obtain the
advantages of OBRS on the boolean properties which
are used in [1].
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